Protein phosphorylation is an important type of post-translational modification that regulates various activities of cell life inside human body. The accurate identification of phosphorylation sites can provide new insights for revealing the specific function of protein. However, it is time-consuming and inefficient to apply the experiment-based techniques in investigating the phosphorylation sites in proteins. Additionally, computational approaches are regarded as an ideal choice in such a big data era. Therefore, in this work, we designed a new computational method to identify phosphorylation sites. At first, phosphorylation data was collected from human proteins to construct an objective and strict benchmark dataset. By a series of feature analysis, we found that the distributions of conservation scores and nine physicochemical properties surrounding the phosphorylation sites in positive samples are significantly different from those surrounding non-phosphorylation sites in negative samples. Based on these features, a novel sequence-based method for predicting the phosphorylation sites in human proteomics was proposed, which incorporated the conservation scores with position-associated attributes that reflect the correlation of physicochemical characteristics among amino acid residues. Furthermore, the analysis of variance (ANOVA) was utilized to obtain the optimal feature subset which could produce the highest accuracy. Comparison with the published predictor demonstrated the superiority of our predictor. Finally, a user-friendly online tool called iPhoPred was established and can be freely available at http://lin-group.cn/server/iPhoPred/. We hope the tool will provide important guide for the study of protein phosphorylation.
I. INTRODUCTION
Generally, most of proteins undergone post-translational modifications (PTMs) that endow the raw proteins with proper structure and specific function. Several researches have showed that there exist more than 200 types of PTMs [1] , [2] . Protein phosphorylation is one of the most widespread PTM types that regulate almost all aspects of cell life, including proliferation, differentiation, metabolism, DNA replication, cell division and apoptosis [3] , [4] . With the The associate editor coordinating the review of this manuscript and approving it for publication was Dariusz Mrozek . help of catalysis by kinases, protein phosphorylation can be caused by transferring a phosphate group (PO 4 ) from adenosine triphosphate (ATP) to the targeted residues-namely serine (S), threonine (T) and tyrosine (Y) [5] . The biological process is shown in Fig. 1 . In fact, the phosphate groups can be also removed by the catalysis of phosphatases. Hence, the phosphorylation is a reversible process.
Traditional experimental methods are very reliable to identify the phosphorylation sites in human proteins. Although high throughput Mass Spectrometry (MS) can recognize the phosphorylation site [6] , [7] , it is not an ideal method to identify phosphorylation sites in such a big data era because VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ of its high time-cost and inefficiency. Currently, with the accumulation of numerous experimentally-verified phosphorylation data and the development of machine learning methods, it is possible to identify the phosphorylation sites in human proteomics via computational approaches. To date, a number of excellent algorithms have been developed to deal with this issue. They can be briefly divided into three main categories: simple consensus pattern-based techniques, sequence similarity-based clustering algorithms, and more advanced machine-learning approaches [8] . Here, we described them briefly. NetPhosK is a predictor for the prediction of the phosphorylation sites by using artificial neural network algorithm (ANN) [9] . And an platform was established at http://www. cbs.dtu.dk/services/NetPhosK/ [10] , [11] . KinasePhos is another web-server for identifying the catalytic kinasespecific phosphorylation sites based on Hidden Markov Model (HMM) [12] , [13] . GPS is a famous method which grouped the protein kinase (PKs) into a hierarchical structure and predicts the phosphorylation sites based on BLOSUM62 matrix [14] - [16] . Recently, several excellent tools for identifying species-specific phosphorylation sites have been developed. Rice_Phospho is a Support Vector Machine (SVM)-based model [17] that combines the amino acid composition (AAC) with K-spaced amino acid pairs (AF-CKSAAP) to detect the phosphorylation sites in rice proteins [18] . In our previous work, Zhao et al. systematically analyzed the distribution of the various properties surrounding the phosphorylation site in sequence samples, and constructed a model for phosphothreonine site identification in human proteins [19] . Another model, called PhosphoPredict, integrates the protein sequence and functional features to investigate the kinase-specific substrates and their associated phosphorylation sites for 12 human kinases and kinase families by using random forest (RF) [20] . Based on deep learning framework, MusiteDeep was designed to predict the general and kinase-specific phosphorylation sites in human proteins, which could mine the complex representation of sequence samples automatically without the sophisticated feature extraction process [20] . MPSite is a phosphorylation sites predictor specific to microbial proteins [21] . Although significant progresses have been made in predicting phosphorylation sites, several issues are still unsolved. At first, few studies analyzed features that were used to construct the predictor. An excellent model should be the one with good interpretability which can be easily understood by users based on biological knowledge. On the other hand, the predictive accuracies of existing methods is still far from satisfactory, suggesting that novel efficient algorithms should be developed to accurately identify the phosphorylation sites.
In this paper, we obtained the experiment-verified phosphorylation sites in human proteins, and then constructed a reliable benchmark dataset. According to the hypothesis that the protein with more important function may be more conservative and their physicochemical properties may be specific, we investigated the distributions of conservation scores and physicochemical properties surrounding phosphorylation sites in positive samples and the non-phosphorylation sites in negative samples. The results showed that position conservation scores of positive samples are much higher than the negative samples in general, and the physicochemical properties in positive samples are apparently different from the counterparts in the negative dataset. These findings suggested the feasibility to identify the phosphorylation sites in human proteomics with these features. Consequently, we developed a new sequence-based computational method to identify phosphorylation sites in human proteins. In order to enhance the predictive accuracy and robustness of the proposed predictor, we applied ANOVA-based feature selection technique to pick out the best feature subset. Compared with our previous work [19] , the performance of our predictor was dramatically improved, demonstrating the power of our method. Finally, an online web-server named iPhoPred was established at http://lin-group.cn/server/iPhoPred/, aiming to provide more convenience for relevant researchers.
II. MATERIALS AND METHODS

A. THE BENCHMARK DATABASE
we collected phosphorylation sites data through the following steps: (1) All protein sequences with phosphorylation in Homo sapiens (H. sapiens) were obtained from Universal Protein Resource (UniProt) [22] , [23] ; (2) The protein sequences that have corresponding secondary structures and accessibilities in PDBfinder II database [24] were retained;
(3) The proteins that lacked three dimensional structure information in the Protein Data Bank (PDB) [25] were eliminated; (4) In order to exclude redundant sequences, the CD-HIT program [26] - [28] was employed. Due to there exist a lot of similar sequences among raw data that were obtained from UniProt, we set the sequence identity threshold to 30% to avoid the trouble brought by redundant information as much as possible and improve the generalization ability of predictive model. Based on the assumption that an amino acid residue could be affected by at most 15 residues around it, the window size was set to 31 residues, namely, the fragments with the proximal 15 residues upstream and downstream of the phosphorylation sites (Total of 2 × 15 + 1 = 31 residues with the phosphorylated site in the center) were regarded as the positive samples. Negative datasets were built by using the same strategy with the non-phosphorylated residues in the center of fragments. Because the number of positive samples and negative samples are imbalanced dramatically, it will not only render our model an over-fitting one with the poor generalization ability, but also bring bias to the performance. Hence a clustering algorithm [29] was implemented to generate the balanced datasets. The numbers of phosphoserine, phosphotyrosine and phosphothreonine sites (SerD, TyrD, and ThrD) were listed in Table 1 .
B. FEATURE EXTRACTION STRATEGIES
For machine learning algorithm, the input data must be feature vectors rather than protein sequences [30] - [34] . Consequently, we formulated the protein samples with an effective mathematical method that can reveal intrinsic correlation between protein sequences and the targets to be identified.
This work used position scoring function and positionassociated attributes algorithm to extract features from protein sequences. As reported by Zhao et al. [19] , the position scoring function could produce good prediction performance. Thus, we first used position scoring function here. In addition, we also considered the position-associated attributes of phosphorylation sites in protein sequences. The following section will introduce how to generate these features.
1) POSITION CONSERVATION SCORE
Conservative sequences tend to be more stable than other sequences during evolution, which is considered as the sequences with high identity and homology. Many scientists indicated that conserved sequences play a crucial role in various of molecular functions [35] , [36] . The proteins with the modification of phosphorylation possess relatively high structural and functional stability, implying that they are more conservative [35] , [36] . Therefore, it is necessary to take sequence position conservation into account. In order to obtain the potential properties of amino acid residues around the phosphorylation sites (-15 to +15), we calculated the preferences of residues by using the conservation formula defined as below:
where p 0 denotes theoretical frequency. Since proteins consist of 20 different amino acids, p 0 was set to 0.05. p k i represents the actual absolute occurrence frequency of the i-th amino acid residue at the k-th position. M (k) value reflects the conservative strength at k-th position. The higher the M (k) is, the more conservative the k-th site is. It can be noticed that the M (k) obeys chi-square distribution with the degree of freedom of 19.
2) POSITION SCORING FUNCTION
Position weight matrix (PWM) was first proposed by Stormo et al. [37] to describe the frequency distribution of nucleotides at each protein-binding site, and then was used to predict the translation initiation site (TIS). Currently, PWM has been widely used to describe the motif of biological sequences. Nevertheless, the general PWM is based on the assumption that each amino acid in the sequence contributes to the predicted position independently, which may result in high false positive rate. Thus, in this study, we aligned the positive samples and constructed a model by introducing pseudocount PWM that is defined as following:
where n jk denotes the number of residue j appearing at k-th site, and p 0 equals to 0.05. N k represents the number of all amino acid residues occurring at k-th site (the number of samples). p 0 √ N k is a pseudo counting parameter [38] . Therefore, we can calculate the conserved score of the k-th site for an arbitrary protein sequence by below:
where M p (k) and M N (k) represent the position conservative strength at k-th site in positive and negative samples, respectively. F(k) value indicates the degree of similarity between a certain sequence and positive samples.
3) POSITION-ASSOCIATED ATTRIBUTES
Positional correlation among amino acid residues in a certain protein sequence is an extremely important factor for the formation of protein spatial structure [39] . In other words, the basis of the spatial complexity of a protein is diverse interactions among different amino acid residues [40] , [41] . Furthermore, several studies [42] , [43] indicated that the phosphorylation sites usually occur in the loop regions. Our previous study [19] also showed that the residues around the phosphothreonine sites do prefer to form loop structure, suggesting that there exists potential relevance between the phosphorylation and its spatial structure. Thereby, the position-associated attributes can be an ideal strategy to formulate protein sequence samples. The correlation between two residues with λ-1 (here λ is called correlation coefficient.) interval residues is shown in Fig. 2 . When λ = 1, the interaction between two adjacent residues in the protein sequence was considered, and λ = n means the interaction between residues with n-1 interval residues in the sample sequence. In this study, the length of samples was 31 residues, therefore, the range of correlation coefficient λ varied from 1 to 30. In order to obtain the position-associated attributes, we first characterized each residue with their special physicochemical properties including rigidity, flexibility, irreplaceability, hydrophobicity, hydrophilicity, mass, pk1, pk2 and pi (their values can be referred to the Ref. [44] ), and then calculated their association values with following formula:
where λ is correlation coefficient, and i indicates the i-th physicochemical property. j represents the j-th site in a protein sequence, while L is the length of sample sequence. H (i) (R j ) denotes the standardized i-th physicochemical property value of the residue at j-th site, which is defined as below:
where H (i) 0 (R j ) denotes the original i-th physicochemical property value of the residue at j-th site.
C. ANALYSIS OF VARIANCE
Currently, with the accumulation of huge data, the dimension of extracted features increases dramatically. However, not all information is useful for prediction, some noise or redundant information could result in poor prediction performance. Therefore, feature selection is indispensable to build a robust prediction model [45] , [46] . Fortunately, several feature selection algorithms have been developed in the past few years, such as minimal redundancy maximal relevance (mRMR) [47] , [48] , maximum relevance maximum distance (MRMD) [49] , principal component analysis (PCA) [50] , binomial distribution (BM) [51] and the analysis of variance (ANOVA) [52] , [53] .
In this study, we incorporated ANOVA with incremental feature selection (IFS) [54] - [56] to pick out the optimal feature subset. The principle of ANOVA is to calculate the score (F value) of each feature in feature subset, which indicates the contribution of each feature to classification. The larger F value is, the greater the contribution is. F value can be calculated by following formula:
where S 2 B (i) denotes the variance of i-th feature in feature subset between categories, and S 2 W (i) indicates the variance of i-th feature within each category, which can be calculated by the following equations, respectively: 
where df B = K − 1, df W = N − K represent the degree of freedom between categories and within category, respectively. K and N are the number of category (here K = 2) and the total number of samples, respectively. SS B (i) and SS W (i) represent the Sum of Squares of Deviation from Average between categories and within category respectively, which are defined as formulas below:
where f sj (i) represents the occurrence frequency of i-th feature in the j-th sample of the s-th group, and m s denotes the sum of sample number of the s-th class.
D. SUPPORT VECTOR MACHINE
The support vector machine (SVM) is a powerful and popular supervised learning algorithm, which has been widely VOLUME 7, 2019 applied in bioinformatics [57] - [64] . The SVM can map the sample points from a low-dimensional space to a highdimensional space by different kernel functions and therefore generates a linear classification boundary hyperplane. In this study, a SVM software package named LIBSVM (version 3.21) was used, which can be freely downloaded at https://www.csie.ntu.edu.tw/∼cjlin/libsvm/. Due to radical basis function (RBF) kernel is suitable for nonlinear classification, we chose it as the kernel function. For achieving optimal model, the penalty constant c and kernel width parameter g were tuned by using a grid search strategy provided by LIBSVM.
E. PERFORMANCE EVALUATION
Here, we utilized cross-validation to assess the model and used area under the receiver operating characteristic curve (auROC) to illustrate the performance of the predictor.
1) CROSS-VALIDATION TEST
Three cross-validation methods namely sub-sampling test, independent dataset test, and jackknife test (also called leaveone-out cross-validation) are often used to evaluate the performance of a predictor in practical application [65] - [72] . Some studies pointed out that among the three methods, jackknife test always yields a unique result for a given dataset [73] - [75] . Its principle is singling out each sample in turn as the test sample, and taking the rest of samples as the training set to construct predictive model. Thereby, it has been applied by many researches [76] - [82] . However, it is time-consuming. For saving computational time, five-fold cross-validation test was applied to tune the c and g parameters of SVM model during the process of feature selection. Once the optimal feature subset was obtained, jackknife test was utilized to evaluate the performance of optimal model.
2) RECEIVER OPERATING CHARACTERISTIC CURVE
The receiver operating characteristic (ROC) curve can provide a graphical illustration of the performance of a binary classifier [83] , whose basic idea is plotting the true positive rate (TPR) against false positive rate (FPR) at different threshold settings. The vertical coordinate of ROC curve is TPR that denotes the proportion of correctly identified positive samples while horizontal coordinate is FPR representing the proportion of negative samples that is predicted as positive samples. FPR and TPR can be calculated by following formulas: 
where TP, TN, FP, FN represent the number of the correctly identified positive samples, the number of the correctly recognized negative samples, the number of the negative samples that is predicted as positive sample and the number of positive samples that is predicted as negative sample, respectively. As a quantitative index, auROC is often used to indicate the performance. Generally, the greater the auROC value is, the better predictive ability the model has.
III. RESULTS AND DISCUSSION
A. THE RESIDUES CONSERVATION AROUND PHOSPHORYLATION SITES
We calculated the position conservation scores M (k) in Eq.(1) of each amino acid site in benchmark datasets and illustrated them with graphs. The position conservation scores of SerD and TyrD was presented in Fig. 3 and Fig. 4 , respectively.
The position conservation scores of ThrD can be found from reference [19] . As shown in Fig. 3, 0 th site indicate the phosphoserine site, the dots represent the scores of its flanking sites. One may notice that the position conservation scores in phosphoserine samples are significantly higher than those in the non-phosphoserine samples, demonstrating the flanking sequences around phosphoserine site are more conservative. Additionally, the scores of the phosphoserine sites extending laterally from the 0 th site exhibit a lowering trend in general, indicating that the short-range correlation of residues plays important role in phosphoserine.
In Fig. 4 , the position conservation scores of phosphotyrosine samples are also much higher than those of the corresponding negative samples, suggesting that they are more conservation. However, the scores fluctuate sharply.
B. THE PHYSICOCHEMICAL PROPERTIES AROUND PHOSPHORYLATION SITES
In order to explore the feasibility to identify the phosphorylation sites with physicochemical properties, we statistically analyzed the distribution of nine characteristics in SerD and TyrD samples, and plotted them in Fig. 5 and Fig. 6 , respectively.
Both Fig. 5 and Fig. 6 showed that the fluctuation of average physicochemical properties in positive samples is much larger than that of negative samples, demonstrating that the physicochemical properties of residues could affect the phosphorylation sites and also implying that these properties can be used as features to discriminate phosphorylation sites from non-phosphorylation sites. Thus, these properties can be applied to calculate position-associated attributes by using Eq. (4).
C. FEATURE SELECTION RESULTS
Based on the above analysis, the position-scoring function and position-associated attributes were proposed to extract sequence features. The final feature set is a 4215-dimensional vector including 30 position conservation scores and 4185 position-associated attributes.
The ANOVA-based feature selection technique was performed to exclude the redundant features. At first, those features with F value no more than 1 were removed. Secondly, we ranked the remaining features according to their F values in a descending order. The features with the largest F value constituted the first feature subset, the second feature subset was formed when we added the features with the second largest F value into the first one, and repeat this process until all features in the sorted list were utilized. The five-fold crossvalidation test was utilized to find the optimal feature subsets. Finally, optimal feature subsets for SerD, TyrD and ThrD contain 400, 517 and 367 features, respectively.
D. JACKKNIFE CROSS-VALIDATED RESULTS
In order to examine the performance of prediction model based on the feature subsets, we applied jackknife test and plotted a curve in a 2D Cartesian coordinate system with the number of features as its abscissa and the auROC as its ordinate. The results were shown in Fig. 7 .
For SerD, the auROC in Fig. 7a reached the peak value of 0.904 when 400 best features were used. The maximal auROC for TyrD in Fig. 7b is 0.992 based on the optimal 517 features. For ThrD, the optimal feature subset contains 367 features which could produce the optimal auROC of 0.990 shown in Fig. 7c . 
E. COMPARISON WITH PREVIOUS WORK
It is necessary to compare the proposed method with other methods. To provide a fair comparison, the benchmark datasets used in this paper were also utilized to examine the method reported in previous work [19] . All results were shown in Table 2 .
According to the comparison results in Table 2 , we concluded that the model proposed in this paper is superior to Zhao et al.'s model [19] .
F. ONLINE WEB-SERVER
In order to provide convenience to the numerous wet-lab scientists, a user-friendly web-server called iPhoPred was established, through which users can identify phosphorylation sites in human proteomics efficiently and easily without mastering complicated mathematical processes. The web-server can be freely available at http://lin-group.cn/server/iPhoPred/. The user interface of iPhoPred is shown in Fig. 8 .
It can be noticed from Fig. 8 that the web-server consists of three parts: sequence input area, prediction type selection area and console area, respectively. Users could input or paste protein sequences in a FASTA format with length of > 30 residues into the input area at first, and then go to the prediction type selection area to choose the type of phosphorylation, finally click the ''Submit'' button in the console area for obtaining results. For instance, one may select Thr as prediction type and click the ''example'' button in the console area, then the default sequence will appear in the input area. After clicking ''Submit'' button, the prediction result is shown in the result page as shown in Fig. 9 .
IV. CONCLUSION
Protein phosphorylation modification can affect various cellular activities in human body, such as cell signal transduction, proliferation, and differentiation. Thus, it is necessary to investigate phosphorylation sites in human protein. Addressing this issue with computational approaches is regarded as an effective way due to its better convenience.
In this study, based on statistical analysis, we showed that the residues around phosphorylation sites are more conservative when comparing with the residues around nonphosphorylation sites. Based on these conserved residues, a new computational model was developed for identifying the phosphorylation sites including phosphoserine, phosphotyrosine and phosphothreonine in human proteomics. Good prediction performance demonstrated the superiority of our predictor. Finally, we established a platform at http://lin-group.cn/server/iPhoPred/ to assist most of biochemical scholars to understand the phosphorylation mechanism in human proteins.
Although satisfactory results were acquired in this work, some aspects need to be noticed. On the one hand, many features of protein can also be used in protein classification, such as amino acid or oligopeptide compositions, secondary structures of protein, gene ontology (GO) terms, and protein functional domains etc. On the other hand, with the rapid development of computational algorithms, many novel machine learning techniques, including word2vec [84] , ensemble classifier [85] , [86] , deep learning [87] - [92] , etc. presented good performance in other fields, which inspire us to apply these techniques in phosphorylation modification identification of protein even other PTM recognitions in the future work.
